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Lecture 19: 

Deep Learning
in Robotics

Images and text sampled from a selection of 2019 research papers.



1. Applications in Perception

● From pixels to concepts:

○ Image processing

○ Object classification

○ Object detection

○ Pixelwise segmentation
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Colorization
● Given a grayscale image, 

colorize the image realistically
● Zhang et al. pose colorization as 

classification task and use class-
rebalancing to improve results

● Demonstrate higher rates of 
fooling humans using 
“colorization Turing test”

Colorful Image Colorization. Richard Zhang, Phillip Isola, Alexei A. Efros. ECCV 2016.



DeOldify
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https://github.com/jantic/DeOldify



Super-Resolution

Low resolution

High resolution



Object Classification Revolution
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i n pu t

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
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ObjectDetection

ü boat
ü person

Image Classification  (what?) ObjectDetection  (what +
where?)



ResNet’s objectdetection result on COCO

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.  
Shaoqing Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.



this video is availableonline:https://youtu.be/WZmSMkK9VuA
Resultsonreal video.Modelstrainedon MS COCO(80 categories).  (frame-by-frame; no temporalprocessing)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.  
Shaoqing Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.

https://youtu.be/WZmSMkK9VuA


Detectron



2. Applications in Robotics

● From pixels to action:

○ Deep Stereo

○ Depth from a Single Image

○ Best papers from ICRA 2019

○ Best papers from CorL 2019
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Deep Stereo

• Learns cost function

Winner-take all

Smoothed 14



Stereo Datasets

• FlyingThings3D -> DispNet
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Monocular Depth

• Can we learn depth from a single image?
• Train on stereo, but test on mono!
• Learn to war left to right and vice versa
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Localization in driving (best paper runner up)

18



Estimating tactile properties from images (2nd runner up) 
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Multimodal perception (best paper)
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Domain randomization (best student paper)
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Perception 
and 

Manipulation



Stereo VO
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• MF = Multi-Frame

• GAN = Generative Adversarial Networks

• VO = Visual Odometry



Manipulating Objects
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Planning 
and 

Control



Dynamics Learning

27



Reinforcement 
Learning



Worst case RL
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Large-scale Robot Control
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Reinforcement 
Learning 2



Multi-agent Manipulation
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